Abstract. The LETOR website contains three information retrieval datasets used as a benchmark for testing machine learning ideas for ranking. Algorithms participating in the challenge are required to assign score values to search results for a collection of queries, and are measured using standard IR ranking measures (NDCG, precision, MAP) that depend only the relative score-induced order of the results. Similarly to many of the ideas proposed in the participating algorithms, we train a linear classifier. In contrast with other participating algorithms, we define an additional free variable (intercept, or benchmark) for each query. This allows expressing the fact that results for different queries are incomparable for the purpose of determining relevance. The cost of this idea is the addition of relatively few nuisance parameters. Our approach is simple, and we used a standard logistic regression library to test it. The results beat the reported participating algorithms. Hence, it seems promising to combine our approach with other more complex ideas.
Introduction
The LETOR benchmark dataset [6] http://research.microsoft.com/users/LETOR/ (version 2.0) contains three information retrieval datasets used as a benchmark for testing machine learning ideas for ranking. Algorithms participating in the challenge are required to assign score values to search results for a collection of queries, and are measured using standard IR ranking measures (NDCG@n, precision@n and MAP -see [6] for details), designed in such a way that only the relative order of the results matters. The input to the learning problem is a list of query-result records, where each record is a vector of standard IR features together with a relevance label and a query id. The label is either binary (irrelevant or relevant) or trinary (irrelevant, relevant or very relevant).
All reported algorithms used for this task on LETOR website [2, 3, 5, 7, 8, 9 ] rely on the fact that records corresponding to the same query id are in some sense comparable to each other, and cross query records are incomparable. The rationale is that the IR measures are computed as a sum over the queries, where for each query a nonlinear function is computed. For example, RankSVM [5] and RankBoost [3] use pairs of results for the same query to penalize a cost function, but never cross-query pairs of results.
The following approach seems at first too naive compared to others: Since the training information is given as relevance labels, why not simply train a linear classifier to predict the relevance labels, and use prediction confidence as score? Unfortunately this approach fares poorly. The hypothesized reason is that judges' relevance response may depend on the query. To check this hypothesis, we define an additional free variable (intercept or benchmark ) for each query. This allows expressing the fact that results for different queries are incomparable for the purpose of determining relevance. The cost of this idea is the addition of relatively few nuisance parameters. Our approach is extremely simple, and we used a standard logistic regression library to test it on the data. This work is not the first to suggest query dependent ranking, but it is arguably the simplest, most immediate way to address this dependence using linear classification before other complicated ideas should be tested. Based on our judgment, other reported algorithms used for the challenge are more complicated, and our solution is overall better on the given data.
Theory and Experiments
Let Q i , i = 1, . . . , n be a sequence of queries, and for each i let R i1 , . . . , R imi denote a corresponding set of retrieved results.
k denote a real valued feature vector. Here, the coordinates of Φ ij are standard IR features. Some of these features depend on the result only, and some on the query-result pair, as explained in [6] . Also assume that for each i, j there is a judge's response label L ij ∈ O, where O is a finite set of ordinals. In the TREC datasets (TD2003 and TD2004), O = {0, 1}. In the OHSUMED dataset O = {0, 1, 2}. Higher numbers represent higher relevance.
The Model. We assume the following generalized linear model for L ij given Φ ij using the logit link. Other models are possible, but we chose this one for simplicity. Assume first that the set of ordinals is binary: O = {0, 1}. There is a hidden global weight vector w ∈ IR k . Aside from w, there is a query dependent parameter Θ i ∈ IR corresponding to each query Q i . We call this parameter a benchmark or an intercept. The intuition behind defining this parameter is to allow for a different relevance criterion to different queries. The probability distribution Pr w,Θi (L ij |Q i , R ij ) of response to result j for query i is given by
In words, the probability of result j for query i deemed relevant is Θ i − w ·Φ ij passed through the logit link, where w · Φ ij is vector dot product. This process should be thought of as a statistical comparison between the value of a search result R ij (obtained as a linear function of its feature vector Φ ij ) to a benchmark Θ i . In our setting, both the linear coefficients w and the benchmark Θ 1 , . . . , Θ n are variables which can be efficiently learnt in the maximum likelihood (supervised) setting. Note that the total number of variables is n (number of queries) plus k (number of features).
Observation: For any weight vector w, benchmark variable Θ i corresponding to query Q i and two result incides j, k,
This last observation means that for the purpose of ranking candidate results for a specific query Q i in decreasing order of relevance likelihood, the benchmark parameter Θ i is not needed. Indeed, in our experiments below the benchmark variables will be used only in conjunction with the training data. In testing, this variable will neither be known nor necessary. The Trinay Case. As stated above, the labels for the OHSUMED case are trinary: O = {0, 1, 2}. We chose the following model to extend the binary case. Instead of one benchmark parameter for each query Q i there are two such pa-
. Giver a candidate result R ij to query Q i and the parameters, the probability distribution on the three possible ordinals is:
In words, the result R ij is statistically compared against benchmark Θ H i . If it is deemed higher than the benchmark, the label 2 ("very relevant") is outputted as response. Otherwise, the result is statistically compared against benchmark Θ L i , and the resulting comparison is either 0 (irrelevant) or 1 (relevant).
1 The model is inspired by Ailon and Mohri's QuickSort algorithm, proposed as a learning method in their recent paper [1] : Pivot elements (or, benchmarks) are used to iteratively refine the ranking of data.
Experiments. We used an out of the box implementation of logistic regression in R to test the above ideas. Each one of the three datasets includes 5 folds of data, each fold consisting of training, validation (not used) and testing data. From each training dataset, the variables w and Θ i (or w, Θ Results. The results for OHSUMED are summarized in Tables 1, 2, and 7. The  results for TD2003 are summarized in Tables 3, 4 , and 7. The results for TD2004 are summarized in Tables 5, 6 , and 7. The significance of each score separately is quite small (as can be seen by the standard deviations), but it is clear that overall our method outperforms the others. For convenience, the winning average score (over 5 folds) is marked in red for each table column. Conclusions and further ideas • In this work we showed that a simple out-ofthe-box generalized linear model using logistic regression performs as least as well the state of the art in learning ranking algorithms if a separate intercept variable (benchmark) is defined for each query • In a more eleborate IR system, a separate intercept variable could be attached to each pair of query × judge (indeed, in LETOR the separate judges' responses were aggregated somehow, but in general Table 2 . OHSUMED: Mean ± Stdev for precision over 5 folds Table 5 . TD2004: Mean ± Stdev for NDCG over 5 folds it is likely that different judges would have different benchmarks as well) • The simplicity of our approach is also its main limitation. However, it can easily be implemented in conjunction with other ranking ideas. For example, recent work Table 7 . Mean ± Stdev for MAP over 5 folds by Geng et al. [4] (not evaluated on LETOR) proposes query dependent ranking, where the category of a query is determined using a k-Nearest Neighbor method. It is immediate to apply the ideas here within each category.
